Introduction
In recent years there has been an alarming increase in the number of cases of antibiotic resistant bacterial infections, in particular the emergence of multi-resistant tuberculosis and vancomycin-resistant Enterococcus strains [46] . For over 30 years at the end of the last century no new antibiotics were introduced, and in the last decade there have only been four structurally novel classes of antibiotics entering the clinic [17] . Since their discovery nearly twenty years ago, there have been great efforts put forth to develop new antibiotics based on antimicrobial peptides (AMPs). AMPs are found in nature as part of the innate immune response of most organisms and can kill Gram-negative and Gram-positive bacteria, fungi, and a b s t r a c t
The therapeutic, antibiotic potential of antimicrobial peptides can be prohibitively diminished because of the cytotoxicity and hemolytic profiles they exhibit. Quantifying and predicting antimicrobial peptide toxicity against host cells is thus an important goal of AMP related research. In this work, we present quantitative structure activity relationships for toxicity of protegrin-like antimicrobial peptides against human cells (epithelial and red blood cells) based on physicochemical properties, such as interaction energies and radius of gyration, calculated from molecular dynamics simulations of the peptides in aqueous solvent. The hypothesis is that physicochemical properties of peptides, as manifest by their structure and interactions in a solvent and as captured by atomistic simulations, are responsible for their toxicity against human cells. Protegrins are b-hairpin peptides with high activity against a wide variety of microbial species, but in their native state are toxic to human cells. Sixty peptides with experimentally determined toxicities were used to develop the models. We test the resulting relationships to determine their ability to predict the toxicity of several protegrin-like peptides. The developed QSARs provide insight into the mechanism of cytotoxic action of antimicrobial peptides. In a subsequent blind test, the QSAR correctly ranked four of five protegrin analogues newly synthesized and tested for toxicity.
# 2008 Elsevier Inc. All rights reserved. enveloped viruses [48] . In general, they are cationic due to the presence of 3 or more arginine or lysine residues; they are small, generally less than 50 residues; and they tend to contain approximately fifty percent hydrophobic amino acid content that is generally segregated from the positive amino acids in the folded structure [17] . Some of the more well-studied peptides include magainin [48] , human LL-37 [13] , and human b-defensin-3 [11] , among many others. Unfortunately AMPs are often toxic to healthy host cells at the concentrations needed to fight infections. The goal of research over the past decade has been on designing new peptides through rational modifications of existing peptides to reduce host cell toxicity and also to improve selectivity for the desired microbe [8, 10, 22, 44] .
There are currently two main methods for designing new AMPs. One is primary sequence modification of existing peptides. This method has produced few successful mutants [17] , mainly due to the difficulty in predicting the response of a peptide to single mutations. For example, one peptide may have increased activity with a mutation to increase its charge, while another peptide may exhibit decreased activity for the same increase in charge. The other method is random combinatorial peptide libraries or mutagenesis of DNA sequences encoding peptides [15, 20, 21] . These techniques suffer from the technical and financial constraints of synthesizing an extremely large number of peptides and testing them for activity and toxicity. The number of possible 18-residue peptides is on the order of 10 23 . Though this number can be reduced by placing constraints on certain positions, it is still time and resource consuming to design peptides using this method.
Over the past decade, efforts have been made to develop computational simulation methods to design new AMPs. We have used molecular dynamics simulations to observe the molecular level interactions between AMPs and membrane mimics [4, [25] [26] [27] [28] [29] [30] [33] [34] [35] and have been able to relate these interactions to the known toxicity of the peptides studied. We hypothesize that the activity of any drug is a function of its physicochemical properties and that we can predict the toxicity of new peptides by measuring these properties from simulations. In earlier work we developed a QSAR for the activity of protegrin molecules based on peptide properties calculated in vacuo [24, 40] . In this work we have developed a QSAR for toxicity based on atomistic simulations of protegrins in an aqueous solvent. We calculate physicochemical properties of the peptide such as solvent exposed surface area, electrostatic interactions between peptide and solvent and radius of gyration. In principle simulations of peptides with lipid bilayers mimicking the mammalian cell membranes should be conducted and the free energy of the interaction would be used for predicting the toxicity of the peptide. This approach is computationally prohibitive for many peptides and thus not amenable to high throughput screening. Simulations in water require significantly less computing time than AMPs in lipid membrane mimic environments, yet, as shown in this work, provide meaningful results.
Because most antimicrobial peptides are active at some level, difficulties in determining how mutations affect toxicity hinder the design of new sequences. What we will present in the following is evidence that molecular dynamics simulations can be used to predict the toxicity of peptides. We believe that if they are used as a part of a sequence screening process, will reduce the number of peptides that must be synthesized and screened.
In what follows we focus on protegrin-like peptides. Protegrins are a family of five potent cationic antimicrobial peptides originally purified from porcine leukocytes [31, 42] .
has a b-hairpin structure that is stabilized by disulfide bonds linking Cys-6 and Cys-15, and Cys-8 and Cys-13. PG-1 has remarkable activity against Gram-positive and Gramnegative bacteria and certain fungi [12, 31] ; however, PG-1 also damages human cells at concentrations necessary for therapeutic uses [47] . We used sixty protegrin analogues for which toxicity profiles have been measured in developing the model. To test the predictive ability of our methods, a set of experiments was conducted recently with five new analogues. Though toxicity data against epithelial and lymphocyte cells are available for PG-5 [6] , we have still included it in the rankings as a benchmark.
Methods

Simulation methods
Our previous work on protegrins has involved simulations of a set of 60 protegrin analogue sequences with known activity and toxicity data ( Table 1) . Hemolysis was measured as the percent of red blood cells killed by an 80 mg/mL concentration of the AMP. This was converted to a scale of 0-5 as shown in Table 2 . Cytotoxicity was measured as the concentration of the peptide (in mg/mL) required to kill fifty percent of a sample of cervical epithelial cells. This was also converted to a scale from 0 to 5 (Table 2) . Using the structures from Ostberg and Kaznessis [40] , CHARMM molecular dynamics simulations were carried out for a single peptide in a rhombic dodecahedron (RHDO) crystal with side length of 56.1 Å filled with 3869 TIP3P water molecules and a NaCl concentration of 150 mM. Appropriate counterions were added to each system to neutralize the simulation box. The system was minimized with the peptide and bulk water initially kept under weak harmonic constraints with spring constants of 15 and 5 kcal/mol Å , respectively. The constraints on the bulk water were gradually reduced during 20,000 steps of steepest descent minimization. The entire system was then minimized for 20,000 additional steps, with 15 kcal/mol Å constraints on the peptide. After the minimizations, the system was gradually heated to 303.15 K. This temperature was chosen based on previous simulations run at the same temperature, though the peptides were tested for toxicity at body temperature. The 78 difference is not expected to be substantial enough to influence the results. After 500 ps of equilibration, the entire assembly was subjected to NPT dynamics. Over the first 0.5 ns, the harmonic constraints on the peptide were gradually removed. The constant pressuretemperature module of CHARMM was used for the simulations with a leap-frog integrator (2 fs time step). A Hoover temperature control was used to set the temperature at 303.15 K [19] . All components of the piston mass array were set to 500 amu for the extended system pressure algorithm [2, 45] . Particle mesh Ewald (PME) summation [9] without truncation and a real space Gaussian width of 0.25 Å
À1
, a b-spline order of 4, and a FFT grid of about one point per Angstrom was employed. All simulations were carried out using CHARMM version c30b2 with the param22 parameter set [5, 36] . A total of 2 ns of simulation after equilibration was conducted for each peptide. This is adequate time since the structure of the peptides is not expected to change significantly because of the double cysteine bonds that limit the flexibility of the b-hairpin. A snapshot of the system is shown in Fig. 1 .
Though the simulations were short, the systems were at steady state, as evidenced by the total energy of the system ( Fig. 2A ) and the RMSD of the backbones of the peptides (Fig. 2B ). The RMS increases at 0.5 ns after the constraints are removed from the peptides.
The sequences used in the blind test of the model are given in Table 3 . Simulations for these peptides were performed in the same manner as described above.
QSAR model building
In the development of these QSAR models, a total of 29 properties were initially considered, some of which were determined prior to the simulation, such as sequence length. The properties and their descriptions are listed in Table 4 ( Fig. 3) . Statistical analyses were performed using the JMP [23] and SAS [1] software packages. Preliminary analysis revealed significant multicollinearity in the data set, which was expected because many of the physical properties are related to each other. A correlation matrix revealed a number of pairwise correlations with coefficients greater than 0.9. Several variables, such as sasa-all, which was correlated with nearly half of the other properties, with coefficients greater than 0.85, were removed from the data set. To further reduce the multicollinearity, several of the variables were redefined (Table 5) .
Variable selection was performed using the all-possiblemodels method in SAS. RSQUARE all-possible-models method efficiently performs all possible subset regressions and displays the models in decreasing order of R 2 magnitude within each subset size. The all-possible models method is preferred to stepwise methods, as stepwise methods are not guaranteed to find the models with the highest R 2 values. We focused on the best regression equations having five or fewer variables. After taking the top models (based on high R 2 values)
predicted by SAS, we entered the models in JMP, and determined outlier values using studentized residuals and RGGRLCYCRRRFCVCW  5  3  PC107  RGGRLCYCRRRFCVCE  0  2  PC109  RLCYTRGRFTVCV  3  PC110  LCYTRGRFTVCVR  0  PC111  RLCYTRGRFTVCVR  3  PC112  LCYCHHHFCVCV  2  2  PC113  LCYTHHHFTVCV  0  1  PC146  LCYCRRRFCYCV  2  2  PC147  LCYCRRRFCFCV  5  2  PC148  LCYCRRRFCTCV  0  2  PC149  LCYCRRRFCGCV  0  2  PC150  LCYCRRRFCWCV  4  2 These sequences were published along with with experimental MIC values against a variety of microbial species in ref. [40] . For a few of the sequences only hemolysis or cytotoxicity data was available. 
eliminated these data points from the model. Final statistical analysis was performed using JMP on the reduced set of data.
The best model for hemolysis is (the terms in these models are described in Tables 4 and 5 The p-values corresponding to the t-ratios for each property were all less than 0.0001.
In general, hemolysis was more easily described by the properties in the data set. For cytotoxicity, the best model required five properties: The p-values corresponding to the t-ratios for each property were all 0.0001 or less.
Plots of experimental versus predicted values for each model are shown in Fig. 4. 
2.3.
Peptide synthesis PG-1 analogs were synthesized on an ABI 431A synthesizer using Fastmoc chemistry [14] with an ABI 431A peptide synthesizer, oxidized and purified by reverse phase high performance chromatography described previously [35] . Cyclic protegrin analogs were assembled from linear peptides using a disulfide oxidation strategy followed by coupling the N-terminal and C-terminal ends to form an amide linkage similar to that used for cyclic retrocyclin peptides [7] .
Experimental testing of toxicity
Hemolysis and cytotoxicity data for the set of 60 peptides was previously published in ref. [40] . media + 10% FCS + antibiotic was used. In each sample well (96-well plate), 100 ml of 5 Â 10 4 cells per milliliter was incubated overnight in the incubator before the addition of peptide. H9 and ME180 cell experiments were done in media that contained 10% serum, so peptides that bind extensively to serum components appear less cytotoxic than they do in media with less serum. The values obtained from these experiments were used to compare the ranking of the peptides in order of toxicity determined by the QSAR models.
Results
QSAR ranking
To test the predictive ability of the models, the five test peptides were simulated in water and properties were calculated. These were then applied to the models to generate values for hemolysis and cytotoxicity. Results are given in Table 6 . Some of the peptides have calculated properties that are higher than the ones from which the model was built (i.e., hemolysis/cytotoxicity above 5), but the QSARs still provide values that we can use to rank the peptides relative to each other. We see that in order of decreasing hemolytic activity, the peptides are ranked: PC-5, cyclic-PC-307, cyclic-PC-5, PC-303, and PC-307. In terms of decreasing cytotoxicity the peptides are ranked: PC-5, cyclic-PC-5, cyclic-PC-307, PC-307, and PC-303. The results from the QSAR suggest that we can group the peptides as follows: PG-5 is the most toxic; cyclic-PG-5 and cyclic-PC-307 are moderately toxic; and PC-307 and PC-303 have low toxicity.
3.2.
Comparison to experimental data
The experimental results are given in Table 7 . Each peptide was tested as described in Section 2.3.
Discussion
In this study we developed empirical relations based on properties from molecular dynamics simulations to rank antimicrobial peptides of unknown toxicity in order of toxicity. In Tables 6 and 7 we present the final ranking of the blind test in order of toxicity as predicted from the simulations and the experimentally determined toxicity. We see that the simulation methods correctly determine the most and least toxic peptides, PG-5 and PC-303, respectively. The toxicities of cyclic-PC-307 and cyclic-PG-5 were also correctly determined to be in the same range as each other and moderately toxic. All of the peptides are b-hairpin, as they contain at least one cysteine-cysteine disulfide bond. Protegrins in which cysteine residues have been replaced with alanine do not appear to form b-hairpins and are both non-active and nontoxic [18] . Protegrin mutants in which the cysteines have been replaced with residues with a propensity to form b-hairpins or non-typical residues which maintain the original structure and charge distribution are active, but toxicity of these 
peptides was not reported [32] . Similar results have been found for tachyplesin and polyphemusins [41, 43] . The high R 2 values for the QSAR models for cytotoxicity and hemolytic activity suggested that there was significant correlation between the measured properties and the toxicity of the peptides, and we have seen here that the QSAR formalism can be useful as a ranking tool. The models for hemolysis both contain length and mean number of acceptors indicating that these are statistically significant properties. All models for both toxicity and cytotoxicity contain an energy term, either VPWF or EPWF. The two models for hemolysis differ only by the exclusion of the fraction of electrostatic energy between the peptide and the solvent. At least for our test peptides, we can get as good a ranking from the smaller number of properties than the four properties model, implying that the term EPWF is less statistically significant than the other terms in the models. Using the same data set as used to build the three property hemolysis model, we see that length alone fits the hemolysis data with an R 2 value of 0.649, implying a high statistical significance for this property. Recent evidence suggests that protegrin-1 does not form pores in zwitterionic mammalian membrane mimics but rather disrupts from the surface [37] . The meaning of this relationship, then, between length and hemolysis is not as it would be if the peptides needed to transverse the membrane to form a pore. However, due to the similarity of the protegrin sequences in our data set, length does have certain implications about the number of positively charged residues and hydrophobic residues present in peptide, which can be important for membrane disruption. Length may also be affecting the stability of protegrin multimers on the surface of mammalian lipid bilayers, which in turn may be important for membrane disruption. It is possible that AMPs form aggregates before inserting or otherwise interacting with the cell membrane, as seen for magainin [3, 16, 38, 39] . There is currently no information available that explains how protegrin-1 goes from being in solution to interacting with membranes, but as mentioned previously, it is know that protegrin-1 does not form pores in mammalian cell membrane mimics [37] . The possibility of the peptides aggregating in solution before interacting with the lipid bilayer is important to keep in mind with the current study, in which the properties are based on monomer properties in solution. The fact that the models based on monomers correctly predicted the order in terms of toxicity of four out of five peptides suggests that this information is being captured, at least indirectly.
The best five-property model for cytotoxicity still only fits the data as well as the three term model for hemolysis, and the fit is not as good, as evidenced by the lower F value for this model. This could be because the data is not spread out in such a way that models of higher significance can be built. In studying the data, we see that the peptides are clustered more with cytotoxicities between 2 and 4. Perhaps the small, discrete-number scale used for cytotoxicity measurements is hindering the model building.
There is one failure in our predictions, for PC-307, which was predicted to be non-toxic when in fact it is highly toxic. 
Though it is possible that the structure of PC-307 we obtained through homology modeling is different from its actual structure influencing the results, this is highly unlikely, due to the constraints on the structure (same length as PG-1, small size, two cysteine-cysteine bonds). It is interesting to note the shape that PC-307 takes on during the simulation, however. The C-terminal Arg-18 interacts with residues on the same strand of the peptide resulting in a significant bend in the C-terminal strand. This is most likely a conformation particular to the aqueous environment, not necessarily the conformation that we would expect PC307 to take on when interacting with other peptides to disrupt the membrane. It would have been possible for PG-5 to exhibit similar behavior, as it has an unrestricted C-terminal strand, but in our simulation we did not see such behavior. The three remaining peptides are unable to distort their structure in such a way, as PC-303 has a shortened C-terminus and the other two are cyclic.
We conclude that the results are encouraging with respect to predicting toxicity of AMPs through simulations of single peptides, though we caution that care should be taken when interpreting results of simulations in which the C-terminus of the peptide is having strong intrapeptide interactions. Although, the predictive accuracy of an empirical approach like the one presenting may be surprising at first, it reaffirms the belief that the biological function of antimicrobial peptides is the result of the physicochemical principles. Certainly, antimicrobial activity and toxicity are manifestations of a multitude of interaction phenomena, from peptide-membrane binding, to peptide-peptide association, to disruption of the membrane integrity and the movement of ions through it, to, finally, the collapse of the transmembrane potential and the lysis of the cell. As such, simple peptide-solvent simulations cannot point to the actual mechanism underlying biological function. And although this paper makes a major step in the linkage of simulation and prediction components involved in molecular design of antimicrobials, it is probable that there are parameters such as peptide-peptide association strength that are critical for biological function and simply not taken into account by the presented models. Nonetheless, the success of the method we have presented here can be viewed as an important step that will allow us to begin testing of new peptide sequences that have not been synthesized previously. Using these methods we may be able to screen out potential mutations to the sequences before costly synthesis and experimental testing. In the future it will be possible to refine this set of tools to include other parameters such as possible activity-related peptide self association strength, with the hope to increase the predictive accuracy further, not only for protegrins, but for other AMPs. The same methods can easily be used to build predictive models like those developed in this study for any set of related peptides for which structure and toxicity data is available.
